. 2015: Using zero-inflated models to predict the relative distribution and abundance of roe deer over very large spatial scales. -Ann. In Norway, recovering populations of large carnivores commonly prey on roe deer (Capreolus capreolus). Understanding predator habitat use and ecology requires fine-scaled information on prey distribution and abundance. However, the massive spatial scales at which large carnivores use the landscape presents many practical and statistical challenges for developing functional prey distribution models. Pellet-count data from > 1000 km of transects gathered across southeastern Norway between 2005 and 2011 were used to derive a map of the relative prey abundance for roe deer. These data were modeled using zero-inflated hurdle models using both environmental and anthropogenic variables. Snow depth and agricultural fields were the most significant variables in explaining both presence and abundance. Internal k-cross validation of the model showed medium accuracy (Spearman's r = 0.35), whereas external evaluation carried out on the basis of independently collected snow-tracking data (Spearman's r = 0.37) and hunting statistics (Spearman's r = 0.88) showed higher accuracy. The map generated can facilitate both the study of broad scale processes linking predators and prey as well as roe deer management in southeastern Norway.
Introduction
Large carnivores, like Eurasian lynx (Lynx lynx) and wolves (Canis lupus), are returning to many areas of Europe from which they have been absent for decades , Linnell & Boitani 2012 . Managing their recovery in the heavily human-modified landscapes of Europe requires a detailed understanding of how they relate to a range of habitat and landscape features. Several studies have focused on issues like effects of human infrastructure and broad scale habitat availability (e.g. Schadt et al. 2002) . However, knowledge of prey distribution and abundance is an important precondition to gain a better mechanistic understanding of carnivore demography, movements and habitat use (Karanth et al. 2004 , Herfindal et al. 2005 . Eurasian lynx and wolves have very large annual home ranges [100-1500 km 2 for lynx (Linnell et al. 2001 , Mattisson et al. 2011 , and 100-2000 km 2 for wolves (Mech & Boitani 2003 , Matisson et al. 2013 ] as compared with their prey's home ranges [e.g. roe deer (Capreolus capreolus): 1 km 2 (Jeppesen 1989 , Cederlund & Liberg 1995 , Morellet et al. 2013 , and carnivore population processes occur over even larger areas. Models of prey habitat selection are often built at much smaller scales than the areas over which they need to be utilized for large carnivore research. Due to logistical reasons (lack of funds, time etc.) it is rarely feasible to intensively map ungulate abundance over very large areas. Such surveys will also only reflect a snapshot of animal distribution. When working with large carnivores, the use of predictive prey distribution models are therefore needed to extend the models to larger scales. When modeling issues related to lynx and wolves, this can imply study areas in the order of several tens of thousands of square kilometers (e.g. Basille et al. 2009 Basille et al. , 2013 . The logistical and financial constraints of all research projects impose limitations on how much sampling is possible. An additional challenge with sampling is imposed in study areas with low prey densities, which tends to give zero inflated data.
Species distribution models (SDMs) are empirical models relating species occurrences to eco-climatic variables on a correlative basis (Guisan & Thuiller 2005 , Fitzpatrick & Hargrove 2009 . They are mostly produced to map the potential geographic range of species within study regions, according to the hypothesis that their distribution is actually influenced by the factors investigated. While SDMs are commonly used for conservation purposes, few have used zero-inflated models. Zero-inflated models are useful tools when data sets exhibit more zeroes than acceptable for a Poisson or negative binomial model (Zeileis et al. 2008) , which is not unusual with ecological data sets such as counts of abundance or presence/absence. Statistically ignoring the existence of zero inflation can cause bias in parameter estimates as well as overdispersion (Zuur et al. 2009 ). When assessing the relationship between the abundance of a species and its environment, it has been shown that hurdle models performed better than Poisson or negative binomial models (Potts & Elith 2006) , which justified their uses in this study.
Southeastern Norway has recently been recolonized by the Eurasian lynx and the wolf, two large carnivores regularly involved in conflicts with humans due to their predation on wild and domestic animals. For management programs to be effective, information on large-carnivore behavior and future abundance are needed. Roe deer are the main prey of lynx as well as a very common prey of wolf in this region (Wikenros 2001 , Müller 2006 , Odden et al. 2006 . We mapped roe deer distribution and abundance in regions where lynx and wolf are present. Even though roe deer are known to be widely distributed throughout much of the country (Andersen et al. 2004) , and their fine scale (habitat patch level) pattern of habitat use is well documented and understood (e.g. Torres et al. 2011) , no abundance maps are currently available for any scale. For this reason, we used hurdle models based on pellet count data to investigate the importance of ecological and anthropogenic factors related to the species' abundance. In Norway, snow has a high impact on roe deer occurrence as it can affect both access to food and mobility, for example when escaping from predators (Jȩdrze-jewski et al. 1992) . Based on this, we expected roe deer to be negatively associated with increasing snow depth (Prediction 1). We also expected a selection for agricultural lands (Prediction 2) since human-dominated landscapes are known to provide high-quality ecotones and important forage resources (Panzacchi et al. 2010 , Torres et al. 2012 . Other variables that describe habitat, climatic and human disturbance characteristics were also included in an attempt to improve model predictions.
We created a large-scale abundance map that will then be available as a map layer to study large carnivore ecology (e.g. Gervasi et al. 2014) . As the area to which the map was extrapolated was very large, the evaluation process was particularly important, and was conducted in two ways: firstly, using a spatial k-fold cross validation procedure and, secondly, by comparing the model results to two independent abundance indices. Based on the predictive map generated, we briefly discuss the implications for predator population distribution and dynamics.
Material and methods

Study site
The study took place in southeastern Norway across six counties (Telemark, Vestfold, Øst-fold, Buskerud, Hedmark and Akershus) ( ). The area spans a wide range of environmental conditions: from highly fragmented agricultural areas in the southeast (Østfold and Akershus) to forest dominated areas in the north (Hedmark). The topography is also highly variable: from flat or hilly areas in the east to higher altitudes with steep slopes in the west and north (elevation [mean ± SD]: 1020 ± 593 m). Overall, the forests are intensively exploited, and are mainly composed of Norwegian spruce (Picea abies), Scots pine (Pinus sylvestris), hoary alder (Alnus incana) and birch (Betula pubescens). The study site is described in greater detail in other papers (Basille et al. 2009 ).
Sampling of pellet data
Data on roe deer pellet groups were accumulated for the whole study area during the years 2005, 2007, 2008 and 2011 . Pellets were counted along 346 transects by different observers who all received the same training in pellet identification. Transects were stratified by altitude and distributed randomly inside and adjacent to the areas surrounding polygons representing the home-ranges of lynx that were equipped during the same period with GPS collars (Fig. 1) . Each transect consisted of a 1 km ¥ 1 km ¥ 1 km triangle. A total of 30 circular 10-m 2 plots were surveyed for pellets, with one plot located at 100-m intervals along each triangle (Wahlstrom & Liberg 1995) . This is logistically a very efficient field design with the starting point coinciding with the final point (Lindén et al. 1996) . Each transect was chosen to fit within one 1 ¥ 1 km square on the UTM grid. If a transect fell on areas that could not be surveyed, such as a lake, urban area, or an area totally dominated by agricultural fields, it was moved to the nearest 1 ¥ 1 km square containing sufficient natural or semi-natural habitats. Within a transect, individual plots were only counted if they fell on natural or semi-natural habitats (e.g. forest, bogs, alpine tundra, moorland, rough meadows). Agricultural fields under cultivation were not counted since it was not possible to walk on fields during spring due to young crops growing and because many fields were ploughed in spring, which destroys the ability to count pellets accumulated during the autumn/winter. Although we can expect roe deer to be frequent users of fields when foraging, they rarely bed on fields and did not use them much during daylight, usually retreating to the surrounding forests to rest. Therefore, we did not expect the failure to count pellets on fields to greatly bias our results considering the spatial scale (1 km 2 ) of our analysis. Following Mayle et al. (2000) a pellet group was counted when it contained six or more pellets, when it was considered to have been produced during the same defecation event (same color, texture, size, shape) and when the group center was within the plot. Other herbivorous species are present in the same area such as moose and red deer but assigning pellet group to the right species was possible due to differences in size and shape.
Data were collected in spring (mainly May and early June) to avoid high vegetation in summer and snow cover in winter. The pellets accumulated thus mainly reflected the habitat use for a period extending from autumn, through winter, to spring. However, pellets decompose slowly in this northern environment, such that it is also possible that some summer pellets were counted as well. Given that the accumulation period covers periods when roe deer are in both winter and summer ranges (for the proportion of the population that migrates) the results should be viewed as reflecting year round distribution.
Explanatory variables for relative roe deer distribution and abundance
Explanatory data used to create the roe deer map were classified into two categories, relating to habitat (i.e. environmental data) and to human activity (Table 1) . These data were chosen based on previous fine-scale studies of roe deer habitat selection (Torres et al. 2011 , Torres et al. 2012 and on the availability of digital maps at the scale of the study area. The data were recoded into raster layers of 1 km 2 spatial resolution using a geographic information system (ArcGIS 9.3.1). In order to account for the broader landscape effect of each variable, we computed their respective average value around the center of each sampling plot (i.e. focal cell). This computation was carried out using moving windows of 3 ¥ 3 km, 7 ¥ 7 km and 11 ¥ 11 km pixels, which approximately correspond to buffers of 1.5, 3.5 and 5.5 km radii around the focal cell. The Global Land Cover 2000 database was used to calculate the amount of forest, fields and bogs within each pixel. Layers for slope and hillshade were obtained from the Norwegian Mapping Authority and interpolated snow depth maps were obtained from the Norwegian Meteorological Institute. Hillshade is a measure of the incoming solar radiation for the pixel at 12:00 on 20 June. The values ranged from 0 to 255, where pixels with the value 0 are in complete shadow whereas pixels with the value 255 are facing directly (perpendicular) towards the sun. Accordingly, it is an index representing a combination of the slope and aspect of the terrain in relationship to the azimuth and aspect of the sun. An additional environmental variable, called Climatic Gradient, was obtained from Bakkestuen et al. (2008) . This variable is a principal component extracted from a set of 54 environmental variables and represents regional variation (a gradient) from coast to inland and from oceanic/humid to continental areas. This axis corresponds to one of the bioclimatic gradients used in expert classification of Norway into biogeographical regions (Bakkestuen et al. 2008) . Data on public and private roads were obtained from the Norwegian Mapping Authority. Data describing human density came from Takle (2002) . All the processed explanatory variables were checked for collinearity prior to analyses (filter = 0.7, Zuur et al. 2009) . From this, collinear variables, such as snow, temperature and elevation, were filtered. Thereby, the most significant variables that remained may not be the ones with the more direct or intuitive mechanistic influence (e.g., if an animal does not occur at high elevation, it is more likely because of temperature-influenced vegetation than elevation itself). Instead, it is those with the highest statistical power that were retained, even if they may only reflect other factors that have a more direct mechanistic influence.
Statistical analysis
Because of the low densities at which boreal forest mammals like roe deer occur, many transects gave zero-count values (53% of the total number of transects for roe deer). This obvious zero-inflation was instrumental in our analytical approach. Zero-inflated models, like hurdle models, are used when the response variable contains more zeroes than expected based on a Poisson or negative binomial distribution (Zuur et al. 2009 ). Developed by Cragg (1971) , hurdle models consist of two parts. The first part uses a binomial distribution to model the presence and absence of a species. The second part is a count model with a Poisson, negative binomial or geometric distribution that can either accommodate zero observations or not (Barry & Welsh 2002) and models species abundance. The positive observations arise from crossing the zero-hurdle or probability threshold (Potts & Elith 2006 , Zuur et al. 2009 ). This approach therefore recognizes the possibility that the mechanisms that determine presence/absence can be different from those that determine abundance (Ridout et al. 1998 ). The presence of over-dispersion appeared in the dataset thus justifying the use of negative binomial distributions instead of Poisson distributions (Zuur et al. 2009) .
To initialize the model, the same set of environmental and human-related covariates were included in both parts of the hurdle (i.e. the presence/absence part and the abundance part). This was achieved in parallel, and independently for the covariates computed within the 3 ¥ 3 km, 7 ¥ 7 km and 11 ¥ 11 km moving windows. To select which buffer size was more accurate, three hurdle models with the same covariates, but collected at different scales were applied. The model with the more accurate buffer size was evaluated using the stepAIC function in R (package MASS, Venables and Ripley, 1999) and AIC c < 2. Finally, the best model was constructed with the covariates that explained a significant (p < 0.05) amount of variation of roe deer data. In addition, in order to account for spatial autocorrelation, we computed and added a residual autocovariate (RAC) to our best model based on the method provided in Crase et al. (2012) . In essence, this approach consists of constructing an autocovariate based on the spatial autocorrelation found in model residuals. In addition, the method has been shown to increase the accuracy of parameter estimates and therefore further limits the potential bias in parameter estimation linked to spatial autocorrelation (Dormann et al. 2007 ).
In order to evaluate the distribution map, two different approaches were used. In the first approach, a spatial k-fold cross-validation (Nilsen et al. 2009b ) was applied as an internal evaluation, with a k-fold partition of five groups representing sub-regions within the study area (Fig. 1) . The model was trained iteratively on four of the five areas using the hurdle procedure. The remaining testing set was used as a validation set. As a second approach, external evaluations were carried out based on two independent datasets representative of relative prey densities. These datasets were compared with prey abundances predicted by the distribution map. The first dataset represents the number of snow tracks recorded along a total of 587 transects, each 3 km in length, collected during winters 2008-2011 in our study area. The correlation between the average number of tracks for all years and per transect (corrected for the number of days since snowfall) and the average abundance of animals predicted by the map in a 3 km buffer zone (diameter equivalent to the length of the snow tracks transects) from the center of each transect was assessed using Spearman's rank correlation. The second dataset consisted of hunting statistics (hunting bag) at the municipal level (Statistics Norway, www.ssb.no), which recorded the number of shot roe deer during the period 2009-2011 in each municipality of the whole study area. It is expected that hunting statistics give only a coarse representation of species abundance, but previous studies have shown that a very good concordance was present between hunting statistics and other independent indices of roe deer abundance (Grøtan et al. 2005 , Nilsen et al. 2009a . The fact that harvest abundances varied by several orders of magnitudes across the study area also reflects the fact that abundance differences are dramatic.
All analyses were carried out using R (R Development Core Team 2011) and the package pscl (Zeileis et al. 2008) . The package raster (Hijmans & van Etten 2011) was used to generate the predictive maps. The spatial extent of the predictive map was selected in order to include the area of lynx and wolf distribution in southeastern Norway (Basille et al. 2009 ). Spatial autocorrelation was investigated using Moran's I statistic from the package spdep (Bivand et al. 2008) .
Results
Hurdle models
The most parsimonious hurdle model (i.e. which minimized AIC values) is presented in Table 2 . The best model was obtained with the 3 ¥ 3 km (1.5 km radius) buffer and identifies factors associated with both roe deer presence (binomial part), and roe deer abundance (negative binomial part) within this area of presence.
Agricultural fields and snow depth were the only variables retained by the model. Presence and abundance of roe deer were positively asso- Table 2 . Response variables retained after hurdle models selection for roe deer: parameter estimation, standard error (Se) and level of significance. The left part of the table represents the best model (buffer scale: 1.5 km) without the autocovariate (RAC). The right part represents the best model with the autocovariate. The model in the right part of the ciated with the area of fields within the buffer but negatively associated with snow depth.
Model evaluation
On average, Spearman's correlation for the internal evaluation was r S = 0.35 but there were differences between the regions (Buskerud: r = 0.19, p < 0.05; Telemark: r S = 0.27, p < 0.001; Hedmark: r S = 0.66, p < 0.0001; Vestfold: r S = 0.31, p < 0.0001; Ostfold/Akershus: r S = 0.34, p < 0.05). The resulting map indicated that roe deer reach the highest abundances in the southeastern part of the investigated area. The range of predictions for the pellet-counts was between 0 and 15.3 pellets. The predictive map (Fig. 2) was compared with external independent datasets. The Spearman's correlation between snow-tracking transects and model prediction values was significant (r S = 0.37, p < 0.001) and at a coarser spatial scale (i.e. municipality level), the correlation between model predictions and the hunting bags was highly significant (r S = 0.888, p < 0.001) (Appendices 1 and 2).
Discussion
Habitat preferences
The factors that were retained from the model selection procedure to explain the observed variation in pellet density are generally consistent with what is known about the species' ecology. The spatial and temporal impact of snow depth on roe deer distribution (Holand et al. 1998) , habitat use (Mysterud et al. 1997 , Ratikainen et al. 2007 ) and dynamics (Grøtan et al. 2005 , Nilsen et al. 2009a ) is well documented, as is their preference for edge habitats at the forestfield interface (Kjøstvedt et al. 1998 , Torres et al. 2011 . In Norway, roe deer harvest is subject to only fairly loose management protocols and harvest quotas are rarely filled. This implies that the broad scale species abundance reported in this study is mainly influenced by biological drivers, rather than specific management decisions. Therefore, variables that were found to influence roe deer abundance (snow and fields) very likely depict natural ecological factors influencing roe deer.
Pellet counts, zero inflation and data resolution
When pellets were counted, the observer error was likely to be small because of the small size of the plots which facilitated careful searching and the fact that pellets from roe deer could be readily discriminated. Young red deer pellets can be similar to roe deer pellets but red deer are present only in a small part of the study area which limited the possible error and in the event of doubt, pellets were brought in from the forest for comparison with a reference collection. Pellet group counts have been shown to be effective for other habitat selection studies (see Kurki et al. 2000 , Shorrocks et al. 1998 ) and have been a technique widely used to assess ungulate habitat use and density since the 1940s (Neff 1968 , Tsaparis et al. 2008 . Although pellet group surveys are an established method, criticism has been made concerning their use in the estimation of population densities, distribution and habitat use (Neff 1968 , Collins & Urness 1981 , Rowland et al. 1984 . With pellet group counts, major concerns come from spatial variation of pellet decay rates (e.g. between moist and dry habitats, Harestad & Bunnell 1987) and from the sensitivity of defecation rates to seasonal variation (Mitchell et al. 1985 , Rogers 1987 . However, use of such indirect count methods are often favored to direct count methods in ungulate research as they demand less effort, cost less and are sometimes more adapted for some habitats such as forest (Marques et al. 2001 , Laing et al. 2003 . Also, results from pellet group counts on broad scale habitat use have been shown to be comparable to those obtain by other methods such as radio-tracking (Guillet et al. 1995 , Månsson et al. 2011 . Defecation rate was not an issue in this analysis as we did not use it to estimate absolute roe deer abundance.
Hurdle models were used to gain information on the distribution and abundance of roe deer pellet groups, which can be interpreted as a relative distribution and abundance of roe deer. No test was made on decay rates of roe deer pellet groups in the different habitat types in the study area prior to analysis and this could have biased the results. However, in Norway, pellet groups can persist for many months because of the temperate climate, cold winters and general lack of dung beetles. Even if the decay rate is higher in some habitats than others, the difference is likely to be small and impact on pellet group counts should be limited.
Another difficulty we were confronted with in our analysis was the coarse spatial scale of the environmental variables to which we had access. Most of the variables available to use as covariates in the model were only available at the scale of a roe deer's home range (1 km 2 ) and did not differentiate between types or age classes of forest habitats which have been shown to be important for explaining fine-scaled herbivore distribution and density (Torres et al. 2011) . If the map data had allowed us to work at the individual habitat patch scale instead of the transect scale we would probably have been better able to make predictions of roe deer distribution and relative abundance. However, such fine scale data are rarely available for large spatial scales.
Model evaluation
Our predictions were evaluated using both snow track transects and hunting bags. These internal evaluations supported our results, although there was much unexplained variation. Species Distribution Models never explicitly incorporate underlying processes, and this constitutes the first important limitation of our study. For instance, this could strongly limit the extrapolative ability of SDMs out of the training area and further explains why the accuracy of spatial k-fold cross-validations herein constructed are weak (roe deer, on average r S = 0.35).
On the contrary, the external evaluation carried out with the hunting bag data showed good accuracy (r S = 0.88, for hunting data on roe deer), although our predictions were made for an area 8 times larger than the initial area used for training (although the training areas were scattered throughout the prediction area and covered all parts of the ecological gradient). The higher accuracy of the coarse scale (external evaluation) as compared with that of the local scale (internal evaluation) is surprising since model extrapolation at large scales may potentially lead to significant errors (Guisan & Zimmermann 2000) . However, a similar effect has been reported in studies using climate variables at different scales in which coarse scale data (such as NDVI) outperformed local scale climate variables (such as weather station data) when explaining variation in performance traits of large herbivores (Post & Stenseth 1999 , Nielsen et al. 2012 . Thereby, we can assume that the hurdle SDM built in the present study on the pellet-counts data was well suited for mapping broad scale roe deer distribution across southeastern Norway.
Previous studies emphasized the fact that roe deer distribution and density are important drivers for lynx habitat selection in Norway (Basille et al. 2009 ), most likely explained by the importance of this ungulate on lynx diet (more than 80% in winter, Odden et al. 2006) .
Although there were a number of challenging issues, we believe that the map that we have generated is sufficient for the study of broad scale processes linking predators and prey, including the investigation of the impacts of predators through an increased ability to explain spatial patterns in predator density, movement and kill rates. This map gives information relevant for roe deer management in the face of lynx predation at a regional scale because it will allow a more accurate prediction of relative predator impact as well as a more detailed understanding of the mechanisms of lynx predation behavior. Concerning the external validation of our map with hunting bags, we believed that this roe deer map could be a good asset for roe deer management in Norway at a regional scale. While one could wish for more confident predictions and fine scaled resolutions, the realities (concerning the abundance of training data and the resolution of map data) of large scale studies imply that it is unlikely that it will be possible to improve on the level of accuracy that we obtained for similar species with broad distributions and generalist habits. 
